The influence of urban design on economic vitality has been analyzed by a number of researchers and is also a key focus of many planning/design theories. However, most quantitative studies are based on just one city or a small set of cities, rather than a large number of cities that are representative of an entire country. With the increasing availability of new data, we aim to alleviate this gap by examining the impact of urban design upon economic vitality for the 286 largest cities in China by looking at a grid of geographical units that are 1 km by 1 km. We use these units and a set of new data (emerging big data and new data that reflecting urban developments and human mobility) to look at the impact of urban form indicators, such as intersection density (urban design), level of mixed use, and access to amenities and transportation, on economic vitality represented by activities using social media data. Our results show that these urban design indicators have a significant and positive relationship with levels of economic vitality for cities at every administrative level. The results contribute to a holistic understanding of how to improve economic vitality in cities across China at a detailed level, particularly at a time when China's economic growth will depend largely on growth of the service sector in urban areas. We think these results can help decision makers, developers, and planners/ designers to improve economic vitality in cities across China.
Introduction
The contribution of urban design principles to vibrant and prosperous cities, particularly its impact on urban vitality, 1 has become common belief. Pioneering urbanists like Jacobs (1961) and Lefebvre (1995) were among the first to specify the features of good urban design (e.g. small blocks) and how it cultivates community, sociocultural vibrancy, and healthy neighborhoods. Other influential urbanists such as Gehl (1971) , Lynch (1981) , Montgomery (1998) , and Whyte (1980) also established new ground on ways to understand urban vibrancy. Urbanists like Jacobs and Gehl, along with the New Urbanists, broadly promoted pedestrian-friendly, compact, walkability, and mixed-use neighborhoods (Katz et al., 1994) . Since the advent of these urbanists, there has been extensive and qualitative discussion on how good urban design promotes the formation of lively city and urban vitality. The variables that we quantitatively analyze in this paper-intersection density, level of mixed use, access to amenities and transportation-are aimed at using data to confirm the beliefs of these great urban thinkers.
This paper aims to quantitatively explore the relationship of urban design by looking at the impact of variables such as intersection density, level of mixed use, and access to amenities and transportation, with economic vitality. We are particularly interested in exploring the answers to the following two questions: (1) Do urban design principles positively associate with vibrant cities in terms of economy? How much is a variable such as intersection density correlating with economic vitality compared to other factors? (2) Does this relationship vary across cities of different administrative levels? It should be noted that it is not easy to derive any causal relationship between the variables and economic vitality due to data source limitation in this paper. We believe the correlation analysis in this paper is a first step toward this final destination.
This paper aims to fill a gap in existing studies by using granular data to analyze 286 of the largest cities in China. Of all the countries in the world, China's urbanization rate is among the highest and its urban population is also among the largest. We use ordinary least squares (OLS) to look at the comparative impact of each urban design variable on economic vitality. We use social media comments, sign-ins, and housing price data as proxies for economic vitality. Our analysis includes spatial variables such as intersection density, level of mixed use, access to amenities, and access to transportation. Our results show that intersection density has a significant and unique impact on economic vitality, even when controlling for variables such as point of interest (POI) density and population density. We also find that other spatial variables such as level of mixed use, access to amenities, and access to transportation also have a significant effect on economic vitality. This paper is organized as follows. The next section provides a review of the literature on this topic, looking at relevant literature while also demonstrating the emerging consensus around the results of our analysis. ''Data'' section describes our dataset in detail and ''Results'' section presents our regression results. The final section concludes with suggestions for future research.
Literature review
The widespread use of new data sources, including mobile phone traces, public transportation smartcard records, social media data, and geo-tagged data, has created the possibility to understand how urban design impacts economic vitality . These data sources allow researchers to have a more granular and human-scale understanding of how people experience cities with increased accuracy, consistency, and detail (Dunkel, 2015) . Our literature review shows that while urban form indicators have been widely analyzed, there have only been a handful of studies that look at the impact of urban design on urban or economic vitality 2 through quantitative analysis. More detailed reviews are as follows.
We find several specific studies that connect urban design with urban (especially economic) vitality. One study (De Nadai et al., 2016) targets six cities in Italy and aims to confirm four of Jane Jacob's principles for urban vitality using mobile phone data. Two of the principles overlap with our indicators (mixed use and intersection density) and the study finds that both of these characteristics have a significant effect on economic vitality. Jane Jacobs's principles are also examined by Sung et al. (2015) , using the conventional household travel survey, by examining their role on pedestrian activity and evidence that they have a positive impact are found in Seoul, Korea. Similar studies supported by urban GIS and emerging new data have been conducted in individual Chinese cities, like Beijing by Long and Zhou (2016) using mobile phone data, Wu et al. (2016) using mobile phone positioning records, and Zheng et al. (2016) using catering establishment data, Shenzhen by Yue et al. (2017) using mobile phone data, and Shanghai by Shen and Karimi (2017) using housing price records. Most of the aforementioned publications in this paragraph are for a single city or a limited number of cities. For example, De Nadai et al. (2016) looked at six cities, rather than having an aggregate view of all the cities in a country. These aforementioned studies are all addressing the role of urban form on population density represented social vitality, with Shen and Karimi (2017) and Zheng et al. (2016) as two exceptions, rather economic vitality which is the focus of this paper. Furthermore, we also notice that extensive studies using space syntax, focusing on a single city as well, are discussing the relationship between street pattern indicators like integration/depth/choice and urban vitality like Van Nes and Shi (2009) .
There are also a number of studies that show there is a positive impact of indicators related to urban design, such as walkability, on property values and other economic indicators. While data such as property values can provide some insight into the role that urban design can influence a city's economy, social media data provide more granularity and more information on resident's direct participation in the economy. Li et al. (2015) and Loehr (2013) show that walkability can positively impact the property values of a neighborhood, while other researchers have shown that proximity to highways has a negative impact on property values (Madison and Kovari, 2013; Tajima, 2003) .
While quantitative analysis that looks at the correlation between urban design and economic vitality (especially for numerous cities rather a single city) is relatively new, 3 studies that look at the relationship between the urban built environment and intensity of travel behavior are relatively mature. For example, there is research that shows street design parameters such as block size have a positive impact on pedestrian volume (Hess et al., 1999) . In addition to the extensive studies on urban form and travel from Ewing and Cervero (2010) , there are a number of studies that show that pedestrian activity increases with mixed use, access to amenities, POI density, and intersection density (Krizek, 2003; Sung et al., 2015; Sunga et al., 2015) . This paper goes a step further to integrate pedestrian activity with participation in commercial or economic activity, which is our view of ''economic vitality.''
Data
For this analysis, we have used a number of data sources, including social media data, geotagged data, property value data, and government-released economic data for control variables. In this section, we will review each dataset. Table 1 offers more information on the data we use in this paper. In Table 1 , WEIBO represents Sina Weibo, a social media platform that has check-in data, showing where users tag their location on the platform. Sina Weibo, the Chinese version of Twitter combined with Foursquare, is the leading online microblogging platform in China, which allows users to publish, share, and discuss short postings on their website (http://www.weibo.com). 4 
DIANPING represents Dazhong
Dianping, an aggregated social media tool used to rate restaurant and other service industry companies in China (Liu, 2014) . 5 
Geographic data
In this paper, our data come from all the major cities in China and we exclude data outside government-defined urban limits. The Chinese central government has specific boundaries and labels that demarcate and categorize Chinese cities and the data from the government's statistical yearbooks are based on this system. The government defines five main administrative levels of cities, including four municipalities (MD, considered Tier 1), 15 subprovincial cities (SPC, Tier 2), 17 other provincial cities (OPCC, Tier 3), 250 prefecture-level cities (PLC, Tier 4), and 367 county-level cities (CLC, Tier 5). As of 2014, there were a total of 653 Chinese cities from all these administrative levels 6 ( Figure 1 Figure 1 were divided into 782,263 one square kilometer units to represent the main units of analysis used in this paper. 7 Since not all of the one square kilometer areas located in the official administrative areas shown in Figure 1 are urbanized, we use data from Landsat TM images in the year 2010 by Liu et al. (2014) to identify the urbanized areas. In China, there were a total of 63,425 km 2 of urban areas in 2010, as indicated by the data. We categorize any area that has more than 0.5 km 2 of urban land areas as an urbanized area. 8 As a result, we determine that there are 43,646 geographic units of urbanized land in total within administrative areas of Chinese cities.
Economic vitality data
To evaluate the economic vitality of each area, we collect data from Dianping. For this analysis, the main data we use as a dependent variable are the quantity of comments on Dianping from the users per geographic unit and we interpret this as a proxy for economic vitality. 9 The diversified comments range from the evaluation on the meal, the restaurant environment, and even the feelings with the friends dining together. We aim to use Dianping comments to proxy consuming vitality, one of the main components of economic vitality. Rather for all activities, Dianping is dominated by restaurants and shops. While keeping in mind the limitation of the dataset, there are major advantages to using Dianping in this study. First, there is data on all of the Tier 1-4 cities that are used in our analysis. Second, there are no major competitors to Dianping, making it the most comprehensive and representative data source for both foot traffic in addition to actual engagement with commercial establishments within the geographic unit. In total, we were able to collect data from 13 million POIs from Dianping, and there are 1.9 million POIs that have at least one user comment. There are a total of 47 million comments for all POIs on Dianping. In this study, each establishment in Dianping is assigned to an urban geographic unit, and then each unit is linked with anywhere from a few to hundreds of establishments. We found that the Dianping data are not representative for county-level cities since the smallest cities do not always have enough Dianping users, hence we do not analyze Tier 5 cities in this study. Moreover, we only include geographic units that contain at least one user comment, and we remove the top 1% of geographic units that contain the most comments to avoid outliers.
To complete the dataset, we aggregate the comment totals within each geographic unit as a representation of the economic vitality of that unit. After this process of improving data quality, of all of the geographic units we aggregated (as described in ''Geographic data'' section), there were 24,512 urban geographical units 10 in Tier 1, Tier 2, Tier 3, and Tier 4 cities that met the requirements outlined above. These 24,512 geographic units are the final units used in this analysis ( Figure 2 ).
Urban data
According to three Ds (density, diversity, and design) proposed by Bernick and Cervero (1996) and five Ds (density, diversity, design, distance to transit, and destination accessibility) proposed by Belzer and Autler (2002) , we also gather other data (mainly for measuring urban form) as predictive variables for economic vitality for all urban grids.
For the spatial variables, we use six distinct independent variables. This includes intersection density (as a proxy of urban design), POI and population density, access to amenities, and access to transit data for each city. Table 1 shows detailed explanations and data sources for each data type. The first five types of variables are calculated for each geographic unit, similar to the Dianping data. This means that these variables are heterogeneous based on the geographic unit. For all of 24,512 urban geographic units used as samples in this paper, we calculate these five types of data per geographic unit.
Results

Explorative data analysis
For further insight on the variables in this analysis, this section will conduct explorative data analysis. Table 2 shows all the variables used in our main regression. The dependent variable DIANPING, representing total number of comments accrued per geographical unit ranges from 1 to 30,632 per km 2 and exhibits a long-tailed distribution, shows that there are more units with a very high number of comments than units with a very low number. To balance this, we take the natural log of DIANPING for the regressions. AMENITIES and ACCESSIBILITY are long-tailed distributed as well. In contrast, INTERSECTION, ranging from 0 to 462 intersections per square kilometer, exhibits a left-skewed normal distribution. MIXTURE is right skewed and normally distributed. Figure 3 shows the spatial distribution of DIANPING and INTERSECTION for several representative cities. Both variables exhibit a monocentric spatial structure with the highest values concentrating at the center of a city. DIANPING and INTERSECTION in each city are similar in pattern, suggesting a strong correlation may exist between two variables. This is then examined in the following regression models.
Regression results
To understand the effect of spatial variables on economic vitality, we use the regression equation in equation (1). The natural log of the total comments of each grid Ln(DIANPING) is used as the dependent variable to represent economic vitality. We use OLS as the regression method to understand the effect of various spatial variables on economic vitality.
Before conducting regression analysis, we examine the possibility of multicollinearity (or collinearity), whose perfect existence may lead a multiple regression model being overfitting or not reliable. Multicollinearity occurs when two or more of the variables in the model are highly correlated, which results in statistical bias and an unstable/unreliable model. One method to detect multicollinearity is to use the Pearson product-moment correlation coefficients or Pearson's correlation. Generally speaking, if two variables have a Pearson's correlation above 0.8, there is a high degree of multicollinearity. We find that all 10 independent variables in equation (1) do not correlate with each other using the threshold of 0.8. Another test often used to evaluate the level of multicollinearity is looking at the variance inflation factor (VIF). If any variable has a VIF value greater than 7, it should also be dropped from the model. 11 After conducting both tests on all the variables in equation (1), we find that all variables pass correlation analysis and VIF examinations, showing that there is no multicollinearity.
We use several regression models to understand the effect of urban form on economic vitality. The regression results are listed in Table 3 . Model 1 only uses one independent variable (INTERSECTION) to explain our dependent variable, Ln(DIANPING). The results of Model 1 indicate that INTERSECTION has a positive and significant contribution to economic vitality. This single variable can explain about 40% of economic vitality (R-squared of 0.391). Next, Model 2 and Model 3 include other independent variables and control variables to develop a more refined understanding of the effect on economic vitality. Model 2 further introduces other spatial variables at the unit level in addition to intersection density (the key variable for Model 1), and Model 3 includes citylevel control variables in addition to these spatial variables. Both Model 2 and Model 3 again suggest that intersection density positively contributes to economic vitality and it is also the most important factor compared to all other variables used in the model.
For Model 1-3 use city-level fixed effects to control for any variability between cities. This means that our results show the average relative impact of intersection density within cities; we are not comparing cities like Beijing to Changsha. Rather, we are trying to understand, in a city like Beijing, how intersection density can explain the differences in economic vitality between different one square kilometer grids. Even after including POI_DENSITY and POP_DENSITY, intersection density still proves to be the most important factor that explains changes in economic vitality. This finding proves our first research question proposed in the ''Introduction'' section.
In addition to intersection density, our regression models show that other spatial variables also have a significant effect on economic vitality. Access to amenities (AMENITIES) is also a very important influencing variable, along with access to transit. The coefficient on access to transit shows that for each additional kilometer that particular grid is further away from a public transit station, Ln(DIANPING) decreases by À0.11. As this variable is a continuous variable and the coefficient is the variation per kilometer, we can see that access to transit increases its effect on economic vitality the further away from transit a certain grid is. MIXTURE also has a significant effect on economic vitality.
In these regressions, there are also some inconsistent regression results. For instance, the effects of GDP and TERTIARY are negative, showing that a geographic unit in a city with a lower economic development levels and lower levels of industry tends to be associated with a greater economic vitality. The effects of these variables are much smaller than spatial variables. There are a few reasons this might be the case. First, the data available for GDP and TERTIARY are at the city level, which makes them much less granular than all of the urban design or social media indicators, which are calculated per geographic unit. Second, a significant portion of GDP growth in China is due to the growth of state-owned enterprises, which is a very distinct sector from the commercial and service establishments that the social media data represent. The negative coefficient on GDP might be due to the fact that overall GDP growth and activity in the service sector are not tightly correlated. This has become a major barrier for the Chinese government in continuing economic growth, as the service sector has been historically difficult to grow in a market economy that is heavily influenced by the government. Finally, this might show problems with the quality of government economic data in China. In addition, the positive coefficient of CITY_LEVEL shows that the administrative level of a city can influence its economic vitality, which answers our second research question. We leave more in-depth analysis in ''Regression results for different city tiers'' section.
Regression results for different city tiers
To further understand the impact of different spatial variables on economic vitality, we run the regression models for different municipal administrative levels. A CITY_LEVEL of 5 represents the highest tier cities (a metropolitan city that is directly governed by the state council) and a CITY_LEVEL of 2 represents the lowest tier cities (prefectural level in our samples). The regression results based on administrative level still show that intersection density and the other urban design indicators have a positive effect on economic vitality. Moreover, we find that the effect is larger for the highest tier cities. The regression model for Tier 1 cities can explain 62.4% of economic vitality. The results also show that access to amenities (AMENITIES), mixed use, and access to transit all have a positive and significant effect on economic vitality for the different tiered cities. 12
Regression results using other dependent variables
As there could be potential biases in solely looking at Dianping comments to understand economic vitality, we also look at other variables that can explain economic vitality. For these, we look at the average residential housing price per one square kilometer unit and also Sina Weibo records. We use Dianping data for the main regressions is that these data are the largest and most comprehensive across all different types of cities, while housing price data and Weibo data are less comprehensive. We use a similar regression equation to equation (1) with no change in the independent variables (spatial variables) but we use housing price (HOUSING_PRICE) and Weibo records (WEIBO) as the dependent variables. Similar to the previous analysis, we exclude the lowest level administrative cities as the data quality is subpar for those cities (Table 4) .
Residential housing price represents the performance of real estate projects. We collected all online housing price information from www.Soufun.com in 2014 and have obtained about 400,000 housing price records. All records are geocoded according to the specific addresses provided on the website, and then these data are laid on top of the square kilometer grids to calculate the average housing price of each grid. We then use this average housing price of each square kilometer grid as the dependent variable in the new model. The regression results shown in Table 5 suggest that intersection density has positive and significant effect on housing price, another indicator that can represent economic vitality. This means that, the smaller the blocks in a particular area, the higher the average housing price in that block. Access to transit also has a positive and significant effect on housing price-the closer the area is to transit, the higher the housing price.
However, it is interesting to note that the impact of the other spatial variables on housing prices varies from their impact on Dianping comments. We find that level of mixed use and access to amenities has a negative effect on housing price. This might be due to the fact that our housing price data are not as comprehensive as the Dianping comments data. It is also possible that level of mixed use in some Chinese cities is still associated with older neighborhoods, which means that the negative effect is due to the fact that older neighborhoods have a higher level of mixed use, and older apartments tend to be valued less.
As another indicator of economic vitality, we use data from Sina Weibo. We collected 30.3 million Weibo records that had geographical information (this represents about 1% of all Weibo 13 posts, as about 1% of Weibos are geotagged) for July and October 2014 for the entirety of China. Like the housing price data, these Weibo data are laid on top of the geographic units so we have a count of how many Weibo records there are per unit. Model 2 of Table 5 shows the regression model with number of Weibo posts as the dependent variable. The model can explain about 60% of online activities, and INTERSECTION, MIXTURE, and AMENITIES all show a positive and significant effect on economic vitality as represented by Weibo. Again, like the Dianping and housing price regressions, we can see that intersection density is the most important factor impacting economic vitality. 14 Similar to how the additional analysis we performed on the regressions using Dianping, we also looked at the regressions using housing price and Weibo records and divided the data by administrative level (CITY_LEVEL). In these regressions, intersection density continued to have a significant and positive impact on both housing price and Weibo records for every city level. This finding is consistent with our previous regression results using Dianping comments as the dependent variable.
Discussion
How urban design variables influences economic vitality continues to be analyzed by various stakeholders such as decision makers, developers, planners and designers, as well as academic researchers. Home buyers or business owners should also be interested in this question as this may impact how their investments on homes, offices, or businesses perform. This paper aimed to disentangle this important question by examining the relationship between urban design indicators and economic vitality while controlling for other variables. This analysis was made possible by the emerging stream of new data sources-social media data, economic data, and other forms of Internet data. We look at 24,512 one square kilometer grids in 286 of the largest cities in China, in contrast to other existing studies that just look at a small set of cities or a single city. For all our regression models, we have found a positive and significant effect of intersection density on economic vitality. And for most of our models, we have also found a positive and significant effect of other urban design indicators such as mixed use, access to amenities, and access to transit. We find that this effect holds for each administrative city level in China, showing that cities of all sizes must consider urban design principles to improve urban development. These findings on the important role of urban design are also shown by our two other proxy indicators for economic vitality-housing price and Weibo records.
We believe that this analysis has a few practical applications. First, the positive effect of intersection density on economic vitality should encourage real estate developers to propose urban planning schemes with smaller blocks. Second, our findings should also be considered by local governments and developers when creating long-term urban development plans. Finally, the database that we created for this analysis will be released in the public domain. We hope that the shared dataset can be used for other urban studies as well.
While we believe that the results of this paper are relatively robust and an important step forward in understanding how to study economic vitality in relation to urban design, we do think there are areas that this analysis could be improved. First, if possible, researchers should obtain data to create a more objective and comprehensive variable to signify economic vitality. Credit card transaction data would be one example of this sort of data. Even more granular data might allow researchers to break urban areas into even smaller geographical units, in contrast to our one square kilometer units, which would provide more accurate and pinpointed insights. Second, other indicators for measuring urban design at a finer level as proposed by Ewing and Clemente (2013) , e.g. imageability, enclosure, human scale, transparency, and complexity, could also be included in the regression models to gain more in-depth information on the effect of urban design on economic vitality. Last, in addition to the OLS-based regression models applied in this paper, researchers could also try spatial regression models or geographical weighted regression models to gain a better understanding.
In conclusion, this study has systematically examined the impact of urban form on economic vitality for the largest cities in China. Our findings contribute to the literature in using data to confirm the importance of urban design principles to further economic vitality. As China will continue to add 300 million people to cities by 2030, it has important implications for Chinese cities that are still developing greenfields and going through redevelopment of existing built-up areas. Empirical evidence continues to confirm the importance of designing cities that have small blocks, high levels of mixed use, and provide access to transit and amenities. We hope that researchers in other countries will continue to use data to make the increasingly compelling case that cities must be built for the human scale. 9. Considering it is not always easy to collect other proxy variables for grid-level economic vitality for all Chinese cities, we made a compromise when using the current variable. This strategy has been adopted by Zheng et al. (2016) using the same data source like our study and Shen and Karimi (2017) using housing price records (used as benchmarking data in our study) as well. In addition, the limitation has been indicated in ''Discussion'' section. 10. We use the term ''urban grids'' here to differentiate the term ''urbanized grids'' used in ''Literature review'' section. In the following context, we will use urban grids for representing our analysis samples. 11. We also conduct an additional experiment via setting the VIF threshold as 10 and find the results are the same with ''7'' in terms of variable selection. 12. We also take a more detailed look at the DIANPING data based on the administrative level of the city. We found that cities with a higher administrative level were generally associated with a greater average value of DIANPING comments. 13. The same way that a ''tweet'' is a short message a user would send on Twitter, a ''Weibo'' is a message that a user sends on Weibo. 14. The contradictory behavior of some variables in the regression analysis of Dianping and Weibo might be callused by the fact that Weibo is losing its users in the recent two years arisen form the competition from WeChat in China. In addition, Weibo is more fitful for representing social vitality, rather economic vitality. This is also why we have chosen Dianping Comments as the main proxy for economic vitality of Chinese cities in this study.
creatively integrates international methods and experiences with local planning practices. 
